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Abstract

Neural networks have the advantage of simulating the non-linear models when little
a priori knowledge of the structure of problem exist or the number of immeasurable input
variables are great and system has a chaotic characteristic. Among different methods,
MLFF neural network with back-propagation learning algorithm and GMDH neural
network with Genetic algorithm (GA) learning are used to predict TEPIX based on the TSE
database. This paper uses moving average crossover inputs based on technical analysis
rules and the results show the exponential moving average has better result than simple
moving average and also the GMDH has better result in the forecasting, power tracking and
profitability relative to MLFF neural network.

Keywords: Multi-Layered Feed Forward (MLFF), Group Method of Data Handling
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Introduction

The Tehran Stock Exchange began dealing in the shares of a few private banks and companies, as well
as treasury bonds and state-backed securities, in 1968. During the 1970s, and particularly after the
1974 oil price explosion, the market showed a dramatic rise in volume of transactions with modest
share price rise. In 1977-78, the annual value of shares traded in the TSE reached IR44.5 billion
($628mn) — a record for the decade. On the eve of the 1979 revolution the paid-up capital of 105
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enterprises (22 private banks, 2 insurance companies, and 81 industrial corporations) listed on the
exchange was estimated at IR220 billion ($3.1billion)

By the 1979 Islamic revolution, 105 firms were listed on the exchange. That number fell to 56
after the revolution, as private banks were nationalized and enterprises belonging to the royal family
were expropriated. Islamic regulations against interest payments, and the 1980-88 Iran-Iraq War all
stifled activity on the stock exchange. Annual volume of trades fluctuated between a miniscule
IR49mn in 1981-82 and IR1, 690mn in 1987-88 — mostly involving equities of less than 40 companies.

“Privatization program,” launched under the first five-year plan (Five-Year Economic
Development Plan) in 1991-92, to sell some 390 state firms to the public became a welcome boon to
the exchange’s upswing. Under this initiative post-revolution public entities and several Islamic
“charitable” organizations (the institutes) that had previously taken over the expropriated private
properties were ordered by the government to offer shares of their enterprises to the public through the
TSE. As a result, the total number of shares traded in that year reached 62.6mn worth IR478bn, and the
TEPIX registered 472 (1990=100) — a post-revolution record. Allegations of questionable accounting
procedures, fabricated corporate profits before their initial public offerings (IPO), and other unsavory
practices in the sale of public companies caused the TEPIX to decline by 15% in two subsequent years
— taking the gloss off the nascent market.

The exchange enjoyed a brief surge from 1994 through 1997 before tapering off. When the
annual money supply increased and there was a mild recession in other prospective areas of
investment, there was a "meteoric boom." The Privatization Agency's initial public offerings (IPOs)
contributed to this. In the first six months of 2002-03, the TEPIX rose from 5,368 to 8,993, and in the
next six months to 11,379. Thus, in a span of only four years between March 1999 and March 2003,
the index rose from about 2,206 to nearly 11,400, and the number of shares traded in the market went
up from 1.7billion a year to 7.9 billion. The market continued its upward trend and reached an all time
record high of 13,836 in mid-December 2004. Capitalization: $36,440 milliard (2004) since 2005,
foreign investors have been able to participate in the TSE. Foreign investors are permitted to hold a
maximum of 10% of shares of companies. Trading volume: $ 7,866 milliard (2005) at the end of 2007,
TSE market capitalization stood at $46 billion. The stock market capitalization of listed companies in
Iran was valued at $70 billion in 2008.

Stock markets are affected by many highly interrelated economic, political, and sentimental
factors, which often interact with one another in a very complex manner. As such, it has always been
very difficult to forecast the movements of stock prices and market indices. The methods that had been
used to predict market prices fall broadly into three categories fundamental analysis, technical analysis
and traditional time series forecasting. Fundamental analysis (Ritchie [1]) presumes that the price of a
stock depends on its intrinsic value and anticipated return on investment. it is possible to determine the
company’s intrinsic value and expected returns By analyzing the company’s operations and the market
in which the company is operating. Fama and Schwert[2] Rozeff[3] Keim and Stambaugh[4]. Most
people believe that for short- and medium-term speculations, fundamental analysis is generally not
appropriate.

Technical analysis (Murphy [5]) refers to the various methods that aim to predict future price
movements using past stock prices and volume information. It is based on the assumption that history
repeats itself and that future market directions can be determined by examining historical price data.
Most of the techniques used in technical analysis are highly subjective in nature and have been shown
not to be statistically valid. (coulson [6] Van eyden [7]).

Traditional time series forecasting (Box and Jenkins [8]) techniques in statistics have also been
applied to predicting stock price movements. Using techniques such as autoregressive integrated
moving-average (ARIMA) or multivariate regression; it is possible to model historical price data as a
nonlinear function using a recurrence relation. A good example of using multivariate regression to
predict the S&P 500 index and the Dow Jones Industrial Average (DJIA) is presented by Pesaran and
Timmermann [9].
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Neural network model is an emerging computational technology that provides a new avenue for
exploring the dynamics of various economic and financial applications. Forecasting stock prices a good
example to demonstrate the power of various Artificial intelligence techniques in teaching and
learning. A NN is an interconnected network of simple processing elements (artificial neurons) with a
different weight associated with each connection. With a proper network topology and appropriate
weights between the connections, a NN can be trained to approximate any function mapping between
its input(s)and output(s) by using an appropriate learning algorithm such as back propagation (BP)
(Rumel hart et al.a,b [10]).

Artificial neural networks are an information processing technology for modeling mathematical
relationships between input and output variables. In recent years, artificial neural networks (NNs)
(Haykin [11]) have become another important technique for predicting stock prices. Researches have
used ANNs on the economic applications is expanding rapidly (Meraviglia[12] Shachmurove[13],
Zhang & Berardi[14]). Recently some studies have empirically forecasted macroeconomic variables
such as inflation, interest rates and exchange rate (Bissoondeeal, Binner, Elger, Gazely, &
Mullineux[15], Plasmans, Verkooijen , & Daniels[16] Qi & Wu[17],Saltoglu[18]). This approach is
effective for input and output relationship modeling even for noisy data and has been demonstrated to
effectively model nonlinear relationships.Such as, related studies have estimated and forecasted stock
prices (Donaldson & Kamstra[l19], Black & McMillan[20] Jasic & Wood [21] Kanas &
Yannopoulos1[22] Kanas[23], Maasoumi & Racine[24] Qi[25] Rapach & Wohar[26] ,Shively[27]) and
stock volatilities (Hamid & Igbal [28] Dunis & Huang [29]). There have been number of attempts to
apply ann to the task of modeling security prices(lam[30],nygren[31] kaastra and boyd [32]jasic and
wood[33]) Moreover, major studies on derivative securitiespricing using neural network have attracted
researchers and practitioners, and they applied the neural network model and obtained better results
than using the traditional option-pricing model (Yao, Li, & Tan[34], Amilon[35], Malliaris &
Salchenberger [36], Binner et al [37], Heston & Nandi[38], Hutchinson, Lo, & Poggio [39], Lin &
Yeh[40] Qi[41]) A formal study of the predictive power of technical analysis rules in linear and
nonlinear models is given by Neftci [42] Brock et al. [43] provide some of the earliest support for the
use of technical analysis and suggest the need for a nonlinear model. Gencay [44] use foreign exchange
markets to pioneer the use of technical analysis rules as inputs for neural networks, which are flexible,
nonlinear models with powerful pattern recognition properties. In a series of articles, Gencay [45] and
Gencay [46] and Gencay and Stengos [47] show that simple technical rules result in significant
forecast improvements for current returns over a random walk model for both foreign exchange rates
and stock indices.

In this paper, a method of non-parametric approach to predict the TEPIX over time in different
condition of market is used. MLFF neural network with back-propagation algorithm and GMDH neural
network with GA are briefly discussed, and they are used to make appropriate model for predicting the
TEPIX of the TSE database. As input variables to the neural networks, we use price time series
separately with 2 lags of the 5, 10, 50 and 55-day moving average crossover. These two models are
coded and implemented in Matlab software package. The prime aim here is to find out dependence in
TEPIX and also which neural network model does best in forecasting when the input parameters are
little or great.

The remainder of the paper is organized as follows. Section 2 describes the non-parametric
modeling approach adopted here. Section 3 discusses relevant concepts of the technical indicators used
for the study. Empirical results are presented in Section 4, and concluding remarks in Section 5.

2. Modeling using Neural Networ k

Artificial Neural Networks (ANN) is biologically inspired network based on the organization of
neurons and decision making process in the human brain. In other words, it is the mathematical
analogue of the human nervous system. This can be used for prediction, pattern recognition and pattern
classification purposes. It has been proved by several authors that ANN can be of great use when the
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associated system is so complex that the underline processes or relationship are not completely
understandable or display chaotic properties. Development of ANN model for any system involves
three important issues: (i) topology of the network, (ii) a proper training algorithm and (iii) transfer
function. Basically an ANN involves an input layer and an output layer connected through one or more
hidden layers. The network learns by adjusting the inter connections between the layers. When the
learning or training procedure is completed, a suitable output is produced at the output layer. The
learning procedure may be supervised or unsupervised. In prediction problem supervised learning is
adopted where a desired output is assigned to network before hand. Based on research aim, varieties of
artificial neural networks are used

2.1. MLFF Neural Network

MLFF neural network is one the famous and it is used at more than 50 percent of researches that are
doing in financial and economy field recently [48]. This class of networks consists of multiple layers of
computational units, usually interconnected in a feed-forward way. Each neuron in one layer has
directed connections to the neurons of the subsequent layer. In many applications the units of these

. . . . 1 .
networks apply a sigmoid function as a transfer function ( f(X) :1—7)(). It has a continuous
+e

derivative, which allows it to be used in back-propagation. This function is also preferred because its
derivative is easily calculated: y'= y(1-Y)

Multi-layer networks use a variety of learning techniques; the most popular is back-propagation
algorithm (BPA). The BPA is a supervised learning algorithm that aims at reducing overall system
error to a minimum [49]. This algorithm has made multilayer neural networks suitable for various
prediction problems. In this learning procedure, an initial weight vectors W, is updated according to

[50]:
W, (kK +1) =W, (K) + (T, —O;) (W, X)X (@)
Where, W, = the weight matrix associated with i neuron; X = Input of the i neuron;
O, = Actual output of the i"™ neuron; T, = Target output of the i"™ neuron, and i is the learning rate

parameter.
Here the output values (O, ) are compared with the correct answer to compute the value of some

predefined error-function. The neural network is learned with the weight update equation (a) to
minimize the mean squared error given by [51]:

1 21— X )T
E_E(TI_OI) _2[T| f(vlel)]

By various techniques the error is then fed back through the network. Using this information,
the algorithm adjusts the weights of each connection in order to reduce the value of the error function
by some small amount. After repeating this process for a sufficiently large number of training cycles
the network will usually converge to some state where the error of the calculations is small. In this case
one says that the network has learned a certain target function. To adjust weights properly one applies a
general method for non-linear optimization that is called gradient descent. For this, the derivative of
the error function with respect to the network weights is calculated and the weights are then changed
such that the error decreases [52].

The gradient descent back-propagation learning algorithm is based on minimizing the mean
square error. An alternate approach to gradient descent is the exponentiated gradient descent algorithm
which minimizes the relative entropy [53].
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2.2. GMDH Neural Network

By means of GMDH algorithm a model can be represented as sets of neurons in which different pairs
of them in each layer are connected through a quadratic polynomial and thus produce new neurons in
the next layer. Such representation can be used in modeling to map inputs to outputs [54, 55,56]. The
formal definition of the identification problem is to find a function f so that can be approximately used

instead of actual one, f , in order to predict output y for a given input vector X = (X%,

close as possible to its actual output y. Therefore, given M observation of multi-input-single-output

,X_,..,X ) as
3 n

data pairs so that

Y, = f(xil’xiz’xi3""’xin) (=1,2,....M)

it is now possible to train a GMDH-type neural network to predict the output values ¥ for any given
1
input vector X = (xll,x,z,xls,...,x. ), that is
| | | n
g = f(xil’xiz’xi3""’xin) (1=1,2,....M).
The problem is now to determine a GMDH-type neural network so that the square of difference
between the actual output and the predicted one is minimized, that is

M

. .
f X ) - .
El[ (X g0 X g X)) Y17 - min

General connection between inputs and output variables can be expressed by a complicated

discrete form of the Volterra functional series in the form of
n nn nnn
y=a+ iglai X +i§1j§1 ajj X X +i§1jél kzlaijk Xj X Xj¢ e (1)
which is known as the Kolmogorov-Gabor polynomial [54, 55, 57]. This full form of mathematical
description can be represented by a system of partial quadratic polynomials consisting of only two

variables (neurons) in the form of
¥ =G(x 2 Xj ) =39 + 3% taX| +a3XXj +a4xi2 +a5xj2 (2)
In this way, such partial quadratic description is recursively used in a network of connected
neurons to build the general mathematical relation of inputs and output variables given in equation (1).

The coefficient a in equation (2) are calculated using regression techniques so that the difference
between actual output, y, and the calculated one,y, for each pair of X, X;as input variables is

minimized. Indeed, it can be seen that a tree of polynomials is constructed using the quadratic form
given in equation (2) whose coefficients are obtained in a least-squares sense. In this way, the
coefficients of each quadratic function Gi are obtained to optimally fit the output in the whole set of

input-output data pair, that is:

M

E =i:lT—>min(3)

In the basic form of the GMDH algorithm, all the possibilities of two independent variables out
of total n input variables are taken in order to construct the regression polynomial in the form of
equation (2) that best fits the dependent observations (yi , 1=1, 2, ..., M) in a least-squares sense.

Consequently, (gj :n(nT—l) neurons will be built up in the first hidden layer of the feed forward

network from the observations {(yi,xip,xiq); (=1, 2,... M)} for different p,qe{l,2,...,n}. In other
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words, it is now possible to construct M data triples {(Y; ’Xip’xi q); (=1, 2,..., M)} from observation

using such p,qe{l,2,...,n} in the form

Using the quadratic sub-expression in the form of equation (2) for each row of M data triples,
the following matrix equation can be readily obtained as Aa=Y

where a is the vector of unknown coefficients of the quadratic polynomial in equation (2)
a:{aoaalaaaaawawas} 4)

and Y ={Y,,Y,,Ys,.... Yy | =_is the vector of output’s value from observation. It can be readily seen that

2
I X Xig  XpXgq  Xp g

The least-squares technique from multiple-regression analysis leads to the solution of the
normal equations in the form of

a=(A"AAY (5)
which determines the vector of the best coefficients of the quadratic equation (2) for the whole set of M
data triples. It should be noted that this procedure is repeated for each neuron of the next hidden layer
according to the connectivity topology of the network. However, such a solution directly from normal
equations is rather susceptible to round off errors and, more importantly, to the singularity of these
equations.

3. Technical Indicatorsused for the study

In this section, we introduce technical indicators that will have used in this research. So in Section 3.1
the moving average and in Section 3.2 tracking measurement technique are reviewed. Afterwards
Section 3.3 reviews profitability measure.

3.1. Moving Average

Simple Moving Average (SMA): This is perhaps the oldest and the most widely used technical
indicator. It shows the average value of price over time. A simple moving average with the time period
n is calculated by:

SMA®) =1 >C,.

where C; is a price at time t [58]. The shorter the time period, the more reactionary a moving average
becomes. A typical short term moving average ranges from 5 to 25 days, an intermediate-term from 5
to 100, and long-term 100 to 250 days. In our experiment, the window of the time interval n is 5.

Exponential Moving Average (EMA): An exponential moving average gives more weight to
recent prices, and is calculated by applying a percentage of today's closing price to yesterday's moving
average. The equation for n time period is [58]:

EMA(t) = LCt +(1- 2 ) * SMA(t)

n+1 n+1

The longer the period of the exponential moving average, the less total weight is applied to the
most recent price. The advantage to an exponential average is its ability to pick up on price changes
more. In our experiment, the window of the time interval n is 5.
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3.2. Tracking M easurement Technique

After modeling and predicting of the TEPIX by using MLFF & GMDH neural networks, we have
achieved following vectors for each method separately and used them to evaluate power tracking of
above mentioned methods.
e First we made actual signal vector ‘Y’ as per followings:
Ify =y 1 >0then Y=1
Signal Vector Y
Else Y=-1
e Then predicted signal vector ‘Y’ has been made:
If §— 9§11 >0 then Y=1
Signal Vector Y
Else Y=-1

e Next we have made tracking vector by multiplying actual & predicted signal vectors.
Tracking Vector A:

IfY { Y =1 Then A=1 (Correct)

IfY. Y =1 Then A=0 (False)

e So, we find out that the total number of correct tracking is equal to: B=) A;
Ultimately, we calculated percentage of correct tracking based on number of prediction as per
followings:
Percent of Correct Tracking = B / (Number of Predictions)*100

3.3. Profitability Measure

Moving average crossovers have long been used as buy-—sell signals for trend-following trading
systems. The assumption that a short-term moving average is higher than a long-term moving average
indicates that prices are trending higher, thus signaling an uptrend. The opposite case signals a
downtrend.

After forecast of the TEPIX by using MLFF & GMDH Neural Networks with moving average
crossover inputs, a long position is taken when prices are predicted to be higher, and a short position
when prices are predicted to be lower. Then profitability is calculated from actual returns based on
these positions. Table 1 summarizes the trading strategies.

Tablel: Summary of trading approach

Approach Description Strategy
MLFF, GMDH | Inputs are the differences between the 5 ,50[MAs - | Take a long position if forecast from the
MAsg], [MAs(-1) - MAso(-1)], [MA5(-2) - MAso(-2)] and | network is that price will increase; take a
the 10,55[MA;y - MAss], [MAo(-1) - MAss(-1)], | short position if forecast is that price will
[MAo(-2) - MAss(-2)]-day moving average crossover of | decrease.
price (1-2 lags)

4. Empirical Results

In this Section, we first compare the results for two neural network whit moving averages used in this
research in Section 4.1 and then compare power tracking of GMDH and MLFF approaches based on
number of correct tracking for prediction sets in section 4.2. Afterwards, the comparison of
profitability of two models is presented in Section 4.3.
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4.1. Comparison of Moving Aver ages

As input variables to the neural networks, we use TEPIX time series covering 01/02/2002-01/10/2009
period separately, with 2 lags of the S5[MAsMAs(-1),MAs(-2)], 10[MA0,MAo(-1),MA0(-2)],
50[MAs59,MAs5(-1),MAs50(-2)] and 55[MAs5,MAss(-1),MAss(-2)] -day moving average crossover. 5 and
10-day simple moving average and EMA are used to measure the short-term dependency, and 50 and
55-day moving average are used to measure the long-term dependency in TEPIX.

Training set is determined to include about 50% of the data set and the 25% will be used for
testing and 25% for validating purposes.

During the designing of MLFF model we have changed the number of layers and neurons.
Finally we found the best network in this research as a network with two hidden layers and 14-7
neurons. Almost 100 transfer function has been used and sigmoid is used for the input function and the
linear function is used for output. Table 2 summarizes the characteristics of the best network.

Table2: MLFF network characteristics

NH N TF1 TF2 TFO

2 14 -7 Logistic Tanh Linear
Notes: NH stands for number of hidden layers; N for neurons in hidden layers; TFI for transfer function in hidden layer
one; TF2 for transfer function in hidden layer two and TFO for transfer function in output layer;

The same way, the GMDH neural network model characteristics is summarized in Table 3.

Table3: GMDH network characteristics

NH N TF1 TF2 TFO
2 4-2 Volterra Volterra Volterra

Notes: see notes in Table 2

Table 4 shows error rates on the testing data of the best architecture for each variables
combination with simple moving average calculation. Table 4 shows the accuracy of MLFF and
GMDH results decrease in long term prediction. Meanwhile the results of GMDH approach are better
than MLFF neural network.

Table4: MLFF & GMDH network results with SMA

. N MLFF GMDH
Variable Combination RME MAPE RME MAPE
MA5,MAs(-1),MAs(-2) 1.482 0.789 0.821 0.369
MA |, MA o(-1),MA ;o(-2) 2.283 0.783 1.936 0.621
MAso,MAso(-1),MAso(-2) 6.764 1.321 5.273 1.207
MA;5,MAss(-1),MAs5(-2) 8.361 1.702 7.129 1.301

Note: RMSE stands for Root Mean Square Error; and MAPE for Mean Absolute Percentage Error

Table 5 shows error rates of the best architecture for each variables combination with
exponential moving average calculation. Table 5 confirms the results of table 4 regarding to the period
of prediction and two different approaches.
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Table5: MLFF & GMDH network results with EMA

. N MLFF GMDH
Variable Combination RME MAPE RME VIAPE
MA;5,MA;5(-1),MA5(-2) 1.275 0.351 0.721 0.278
MA 0,MA o(-1),MA((-2) 1.786 0.412 1.152 0.356
MA50,MA5(-1),MAso(-2) 6.215 1.102 4.982 0.985
MA;55,MAs5(-1),MA;55(-2) 7.619 1.456 6.683 1.118

Notes: see notes in Table 4

These tables suggest that the GMDH network with two hidden layers is a better architecture. It
is also revealed that exponential moving average (EMA) has a better response for the TEPIX time
series in this period. The result of the neural network accuracy measure (RMSE) is noticeably
decreased with short-term moving like 5 and 10. This confirms the fact there is short-term dependence
in TEPIX.

4.2. Comparison of Power Tracking

Table 6 shows error rates of the best architecture for each method and number of correct tracking with
its percentage.

Table6: MLFF & GMDH network results

M ethod Number of Correct Tracking Per centage of Correct Tracking
GMDH 87 87%
MLFF 74 74%

Notes: the number of predictions is 100

As per table No. 6, the Number of correct tracking by using GMDH is 87 out of 100 while by
using MLFF it is 74. Also the percentage of correct tracking by using GMDH is 87% while the same
by using MLFF is 74%. As a result, tracking by using GMDH method is better and more powerful than
MLFF.

4.3. Comparison of Profitability

Trading signals from the two models are used to generate daily profit and loss expressed as percent
returns. Table 7 summarizes the returns for each approach.

Table7: comparison of profitability

Approach 2007 2008 2009 Bear Bull
Period return GMDH 0.62 0.61 0.63 0.36 0.55
Period return MLFF 0.59 0.58 0.59 0.31 0.52

With comparison period returns, the GMDH approach generates much better overall returns
than the MLFF. While the year-to-year performances of the GMDH model are impressive, it is also
useful to compare the relative performances of the models in time periods when prices were generally
rising (bull market) or generally falling (bear market).
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5. Conclusion

This paper used two types of neural networks to prediction of TEPIX. It has been shown that GMDH
type neural networks have better results when the associated system is so complex and the underline
processes or relationship are not completely understandable or display chaotic properties.

We have used TEPIX time series and its moving average as the input to the neural network and

the results show:

e The GMDH has better response in the forecasting, power tracking and profitability relative
to MLFF neural network.

e TEPIX has short-term dependence to its history.
e The exponential moving average is a better choice relative to simple moving average, if the
moving average techniques are used.
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